This article extends the analysis of table mixes for restaurants, on the principle that table mix helps drive revenue. The article presents the results of a simulation experiment of more than forty-six thousand restaurant contexts to evaluate the accuracy of "naïve table mix" calculations. An earlier study presented a simple method of calculating a recommended mix of tables in a restaurant, and another found that those calculations provided table mixes yielding within about 1 percent of the revenue provided by the optimal table mix. While the earlier simulation studies assumed that the space required by a 
A key aspect of revenue management is a facility's available capacity. In the restaurant context, an essential element of capacity is the restaurant's mix of tables. In a study with Sheryl Kimes, I demonstrated that a particular fast casual restaurant could increase its effective capacity by more than 30 percent simply by changing to a table mix that better matched its customer demand (Kimes and Thompson 2004) . Generally speaking, matching capacity to demand means that the mix of table sizes in the restaurant corresponds to the restaurant's mix of sizes of customer parties. While a 30 percent capacity increase may be on the high side for most restaurants, in a subsequent study of sixty-eight restaurants, I found an average increase of more than 14 percent in effective capacity with an improved table mix. In sum, optimizing a restaurants' mix of tables seems highly worthwhile.
The question that has arisen in the course of these table mix studies regards the quality of mixes identified by simple mathematical calculations. In a 2002 study, I presented the simplest approach for identifying table mixes, which I called the "naïve table mix" (Thompson 2002 ). This calculation uses information on the probability of different size parties arriving at the restaurant, the size of tables at which the parties are seated, and the overall seating capacity of the restaurant. However, this model did not account for the facts that mean dining durations are not identical across party sizes and the space required by a table is not always proportional to its number of seats. In another study with Sheryl Kimes, however, we found that my original method yielded revenue that exceeded 99 percent of the revenue achieved with a near-optimal table mix. Not only that, but the naïve table mix calculation performed better than a duration-modified method we tested (Kimes and Thompson 2005) . These results suggest that managers would be well served using the simple models.
In this article, I discuss a study that goes further than that, however, to evaluate the effectiveness of two new forms of the naïve table mix calculations, which include information on the revenue (or contribution) of each party size. In this study, I evaluated the effectiveness of the four forms of the naïve table mix in more than forty-six thousand simulated restaurant contexts, differing on thirteen factors.
A puzzlement. The four naïve table mix approaches returned mixed results. Overall, the best of the naïve methods yields table mixes having within 2 percent of the revenue of near-optimal table mixes, which is poorer performance than has been previously observed. Indeed, in more than 5 percent of the simulated scenarios, the best naïve table mix yielded less than 95 percent of the revenue achievable by a near-optimal table mix. Most troubling, though, was that in a tiny fraction of the scenarios the revenue of the best naïve table mix was off by more than 10 percent, and these cases of poor performance were clustered under a certain set of restaurant conditions. So, contrary to my earlier conclusions, these findings suggest that restaurateurs should employ sophisticated methods for identifying table mixes if they can. Having said that, I also demonstrate the value of the simplest of table-mix calculations.
Review of Relevant Literature
Having developed the concept of restaurant revenue management (RRM) in 1998, Kimes and her coauthors also defined RevPASH, or revenue per available seat hour, as a metric of restaurant performance that captures the effects of revenue, time, and capacity (measured in seats) (Kimes et al. 1998) . Research on RRM can be categorized based on whether it focuses on capacity or demand. To be thorough, this review includes some of the studies I just mentioned.
In an earlier simulation, I examined whether restaurants perform better when they have a mix of table sizes matched to specific party sizes, or when they have tables that can combined to seat larger parties (Thompson 2002) . Then I considered how combinable tables can be situated to yield the best performance (Thompson 2003) and, with Sheryl Kimes, I evaluated methods of determining a restaurant's table mix, using both a simulation study and data from a real restaurant (Kimes and Thompson 2005) . Applying this approach to a fast casual restaurant, we found that it could increase its effective capacity by more than 30 percent by matching its table mix with customer demand (Kimes and Thompson 2004) . In a study of sixty-eight restaurants, I found that changing the table mix would increase capacity by more than 14 percent, on average (Thompson 2007) .
As I stated above, my 2002 study first presented the naïve table mix model, and then Kimes and I modified that model to incorporate dining duration by party size. In that study we assessed two simulated annealing search heuristics that each evaluated one hundred different table mixes during the search process. We took the better performing of the two and, using data from a real restaurant, we found table mixes that yielded revenue within 0.02 percent of that yielded by the optimal table mixes. Because this particular heuristic, called SimAnnealSearch, yielded such strong performance in a fraction of the time required to evaluate all possible table mixes, we could use it as a benchmark for the simpler approaches in a simulation of ninety-six restaurant contexts. For those ninety-six contexts, we found that the initial naïve-seats model yielded revenue that was within 1 percent of that given by SimAnnealSearch.
A number of simulation-based studies have been conducted related to restaurant operations to analyze, among  other things, table size, table mix , and combinability of tables (e.g., Field, McKnew, and Kiessler 1997; Thompson 2002; Thompson 2003; Kimes and Thompson 2005; Thompson and Kwortnik 2008; Thompson 2009; and Thompson and Sohn 2009 ).
Naïve Table Mix Models
I will start with my 2002 naïve-seats model, followed by the modification that Kimes and I made in 2005 . Then I will develop the space-based modifications of these models. For ease of presentation, I will first define all parameters used in the models: Tables = set of allowable table sizes ; TotalSeats = total seats in the restaurant; and TotalSpace = total space available in the restaurant for seating.
The original version of the naïve table mix model (Naïve-Seats; Thompson 2002 ) specified the ideal number of tables in the restaurant as
where
Notice that the only parameters in naïve-seats are the party size probabilities, the number of seats in each allowable 
where 
Design of the Simulation Experiment
To test the various forms of the naïve table mix calculations under a wide variety of restaurant scenarios, this simulation experiment contained the thirteen factors summarized in Exhibit 1. Nine factors were environmental, or outside the control of restaurant managers. Of the remaining four, two were design-related and two were related to operational decisions. By including the design-and operational-related factors, I have the opportunity to develop prescriptive guidelines for the restaurant industry, by comparing the revenue achieved across the levels of the design-and operationalrelated factors. Environmental factors. The nine environmental factors were restaurant size; mean party size; average check variation across and within party sizes; customers' propensity to wait for a table; duration variation across and within party sizes; demand intensity; and length of the peak demand period. Restaurant size had three levels, corresponding to the ability to seat approximately 10, 30, and 100 parties simultaneously (corresponding to having approximately 10, 30, and 100 tables, which I categorized as small, medium, and large). It is preferable to define size based on number of parties, rather than number of seats, because we wish to avoid confounding effects with the table space requirements experimental factor. These three size levels match Neither Naïve-Seats nor Naïve-SeatsDuration considers that tables may require space that is not proportional to the number of seats in the table. Thus, the first step for this study is to relax this potentially limiting assumption, which requires that the item being allocated is total space, not total seats. The space-oriented version of Naïve-Seats, Naïve-Space, is
Likewise, the space-based modification of Naïve-SeatsDuration, Naïve-SpaceDuration, is (7) where
. (8) Next, I will incorporate information on the revenue (or contribution) yielded by each size of party, since the amount spent per person typically declines as party size increases (see, for example, Kimes and Robson 2004; Kimes and Thompson 2004 (2, 2, 4, 4, 6, 6, 8, 8, 10, 10) and (4, 4, 6, 6, 8, 8, 10, 10, 10, 10) for party sizes of 1 to 10, respectively well with size ranges used in earlier studies (an overall range of 50 to 450 seats). We did not include exceptionally large restaurants, for the simple reason that simulation runtime is greatly affected by a restaurant's size. Including a restaurant size of 300 parties (tables) would have tripled the time required to run the experiment, which required more than three weeks of computer time with the existing parameters. Mean party size had two levels: 2.5, people which is about the reported industry average (Kimes and Robson 2004) ; and 3.0 people, which I included for thoroughness (see Exhibit 2).
Average check variation across party sizes had two levels (also in Exhibit 2), both of which were selected to reflect the common occurrence that larger parties tend to spend less per person than smaller parties. The differences in average check across party sizes ($0.10 and $0.20 for a one-person difference in party size) were the same as those I used in a study with Heeju Sohn (2009), this time using a base check value of $10 per person. I used similar values for average check variation within party sizes (two levels) as that 2009 study.
The two levels for customers' propensity to wait for a table were based on anecdotal evidence suggesting that larger parties are willing to wait longer for a table than are smaller parties (see Exhibit 2). Individual parties were assigned a willingness to wait, based on their party size, using a normally distributed random variate, where the coefficient of variation was 0.20. In earlier research (Thompson 2002) , I used 90 minutes for all parties and three levels for willingness to wait, equal to 1/3, 2/3, and 1 times the mean dining duration by party size.
Duration variation across party sizes had two levels, based on the observation that dining duration increases with an increase in party size (Bell and Pliner 2003; Kimes and Robson 2004; Kimes and Thompson 2005) . The two levels of this factor set the ratio of the dining time for parties of 10 people to 1.5 and 2.0 times that of the dining duration for parties of 1 person, consistent with a recent study of mine (Thompson 2009 ). For both factor levels, there was a straight linear relationship between mean dining duration and party size. I applied a different approach to demand intensity than in the past. This time I applied three levels, starting with a "low" level in which demand was sufficient to result in the restaurant running at full capacity during the peak period. "Medium" inflated customer demand by 15 percent, and "high" was 30 percent higher than the base. As such, this factor mimics situations that exist in popular restaurants, where demand exceeds capacity. In other simulations, I have used assumptions ranging from 95 percent of capacity (Thompson 2003; Thompson and Sohn 2009 ) to a high of 120 percent of capacity (Kimes and Thompson 2005) .
The length of the peak demand period had five levels: 2, 2.5, 3, 3.5, and 4 hours, reflecting a broad range of restaurant settings. This range falls within the range of peak durations that have been used in the literature (e.g., Field, McKnew, and Kiessler 1997: 5 and 7 hours; Thompson 2009 : 9 peak durations, ranging from 1 to 5 hours in 30-minute increments).
Design factors. The experiment included two factors related to restaurant design issues : table space requirements  and table size options. For table space requirements, I applied one level where each table required space proportional to its number of seats and a second level in which the space required decreased on a per-seat basis (see Exhibit 3). This is a departure from my previous table mix studies, which assumed that the space requirements are directly proportional to the number of seats (Thompson 2002 (Thompson , 2003 (Thompson , 2009 Kimes and Thompson 2005) . The second factor related to restaurant design is table size. The first level of this factor allows only tables with even-numbered seats, as has occurred in all previous studies (Field, McKnew, and Kiessler 1997; Thompson 2002 Thompson , 2003 Thompson , 2009 Kimes and Thompson 2005) (Thompson 2002 (Thompson , 2003 (Thompson , 2009 Kimes and Thompson 2005) , with one exception (Field, McKnew, and Kiessler 1997) , where the longest rule was used.
Right-sizing, a term that we believe was first used by Kimes (2004) , has two levels: tighter right-sizing, which allows a party to be assigned to a table no bigger than the smallest even-sized table in which the party fits; and looser right-sizing, which allows a party to be assigned to a table no bigger than the smallest even-sized table in which the party fits plus two seats. My previous studies did not take this consideration into account.
Simulation assumptions. None of the assumptions applied here are nonstandard, since similar assumptions have been made in previous studies. In fact, because of the extensive scope of our simulation study, this study actually has fewer assumptions than have been made in earlier studies. We made the following eight assumptions:
1. Parties ranged from one to ten people. 2. Parties would not be split across tables. 3. Tables could not be combined. 4. All demand was from walk-ins. 5. Arrivals were based on a Poisson distribution, which mimics the typical arrival process in restaurants in that several parties often arrive close together, followed by notable time gaps without party arrivals (resulting in a negative exponential distribution of the time between party arrivals). 6. Dining duration had a log normal distribution, mimicking the situation of a few parties lingering over their meals. 7. The number of parties that could be waiting had no limit, so the only determinant of whether a party would be served was whether a table became available within the party's wait tolerance. 8. Customer demand ramped up for an hour prior to the peak period, followed by an hour-long rampdown after the peak.
Simulation process. I applied a full factorial experimental design for the thirteen factors and their levels, resulting in a total of 46,080 simulated restaurant contexts. That is, 3 levels of restaurant size × 2 levels of restaurant size × 2 levels of mean party size × 2 levels of average check variation across party sizes × 2 levels of average check variation within party sizes × 2 levels for customers' propensity to wait × 2 levels of duration variation across party sizes × 2 levels of duration variation within party sizes × 3 levels of demand intensity × 5 levels of peak demand length × 2 levels of table space proportions × 2 levels of table size options × 2 levels of table assignment rules × 2 levels of right-sizing rules. For each of the 46,080 combinations of the factor levels, I simulated and stored all relevant information for one hundred days of operation of the restaurant. This information included, for each party, its size, arrival time, dining duration, average check, and willingness to wait. Storing the information for a scenario allowed me to control for extraneous variation in the results, because each method was evaluated under common conditions. Again, the models are Naïve-Space, Naïve-SpaceDuration, Naïve-SpaceDurationValue, and Naïve-ValuePerSpaceMinute. I identified each model's recommended table mixes. I then simulated the restaurant using each table mix, using the common, stored data, and ran a heuristic, much like the SimAnnealSearch heuristic, to search for the best possible mix of tables for that particular restaurant context. I used the SimAnnealSearch because it came exceedingly close to optimal (I will refer to it as "nearoptimal"). Given the size of this experiment, an exhaustive search for the best table mix would have been impractical. For speed, I coded the simulation model itself in Microsoft's Visual Basic 6 and compiled it as an executable program. I ran the experiment on several computers simultaneously, but on a single computer it would have taken 24 days (573.4 hours, assuming a Xeon 2.8 Ghz processor).
Results of the Simulation Experiment
To evaluate the naïve mix methods, I calculated a percentage revenue shortfall, which represents the revenue shortfall arising from a table mix given by a naïve method, as compared to the near-optimal table mix. Exhibit 4 reports the overall results across the 46,080 simulated restaurant contexts. In terms of the average percentage revenue shortfall, the simplest estimate, Naïve-Space, proved to be the most accurate, with a revenue shortfall of just under 2 percent. These findings echo those I reported with Sheryl Kimes (2005) , but this time the revenue shortfall percentage was easily double that in the 2005 study. This finding is perhaps related to the much broader set of restaurant environments simulated in this study. The two approaches incorporating revenue-Naïve-SpaceDurationValue and Naïve-ValuePerSpaceMinute-both performed poorly, having revenue shortfalls of more than 10 percent on average. As for Naïve-SpaceDuration, its average percentage revenue shortfall was more than 50 percent higher than that of Naïve-Space. However, those two methods were quite similar in the frequency with which they yielded the best of the Naïve table mixes, a situation that occurred for both in approximately half of the settings evaluated.
Exhibit 5 presents the percentage of scenarios in which each of the four methods yielded revenue within a specified tolerance of the near-optimal revenue, starting at 99 percent, and declining to 90 percent or less. The table shows that Naïve-Space was superior to the other three methods, and it yielded revenue within 2 percent of near-optimal in close to two-thirds of the scenarios; and the percentage of scenarios where it was in the 90-percent or less category was small, just 0.4 percent of the scenarios. Naïve-SpaceDuration was reasonably similar in performance to Naïve-Space, but both Naïve-SpaceDurationValue and Naïve-ValuePerSpaceMinute were notably poorer in performance.
Exhibit 6 presents the percentage revenue shortfalls of the four methods, by level of the experimental factors. Examining Naïve-Space, one sees that it performed more poorly in the smallest restaurant size, the lowest-demand intensity, when table sizes were nonproportional, and when all size table options were possible. For the other factors, differences in the performance of Naïve-Space were less pronounced.
Exhibit 7 reports the frequency with which each method yielded the best table mixes, by level of the experimental factors. Naïve-Space yielded the greatest percentage of best table mixes under the small and medium restaurant sizes, larger mean party sizes, both levels of average check variation across and within party sizes, short propensity to wait, larger variation in dining durations across party sizes, both levels of dining duration variation within party sizes, medium and high demand intensity, peak demand durations of more than two hours, proportional table sizes, both levels of table size options, assigning parties to tables based on the longest wait, and with tighter right-sizing. Naïve-SpaceDuration yielded the greatest percentage of best table mixes under the large restaurant size, smaller mean party sizes, longer propensity to wait, smaller variation in dining durations across party sizes, low demand intensity, peak demand durations of two hours, nonproportional table sizes, assigning parties to tables based on the largest size, and with looser right-sizing. The other two performed relatively poorly by comparison. Exhibit 8 reports the results of regression models for each method, using percentage revenue shortfall as the dependent variable. The results for Naïve-Space show that its revenue shortfall was statistically significant, and higher, with smaller restaurant sizes, smaller mean party sizes, longer propensity to wait, larger variation in dining duration across party sizes, lower demand intensity, shorter durations of the peak demand window, nonproportional table sizes, all table-size options, assigning parties to tables based on the "largest" rule, and with tighter right-sizing.
Exhibit 9 reports information on the worst-case performance of Naïve-Space-the 196 instances (just 0.4 percent of the total) where its revenue shortfall exceeded 10 percent. There is definite clustering of the poor performance scenarios by certain levels of the experimental factors. Let us look, for example, at the 480 test scenarios that involved these characteristics: smallest restaurant size, larger mean party size, smaller variation in dining duration across party sizes, proportional table sizes, odd and even table-size options, and tighter right-sizing. Naïve-Space returned a revenue shortfall of more than 10 percent in 187 (39 percent) of those 480 scenarios. Exhibit 10 presents information on the relative revenue of the near-optimal table mixes, for the design-and operationalrelated experimental factors. This table indicates that higher overall revenue was attained with proportional table space, both odd and even table sizes, seating parties based on the "largest" rule, and with tighter right-sizing. The relative revenue increase was the greatest for the right-sizing operational rule, where the tighter application of right-sizing increased revenue by an average of 4.48 percent compared to the looser application of right-sizing. The second largest difference in revenue arose with the table size options, where the use of table with both odd-and even-number seats yielded 2.43 percent more revenue than using only tables with even-numbered seats.
Discussion
An interesting question is why the simplest of the naïve methods-the one that uses only party probabilities, table sizes, and the total space of the restaurant-outperformed the three other naïve methods, which all incorporate additional-and seemingly relevant-information. I believe the answer lies in which customers are served, and which are lost, as a result of the table mixes identified by each method. An optimal table mix will allocate the space in the restaurant in a way that maximizes revenue, considering all the environmental, design-related, and operational-related factors. This will mean that greater numbers of the less valuable customers will be turned away. Examining which customers are lost with each method, compared to the numbers lost in the near-optimal table mixes, should provide insight into the net effectiveness of the different methods.
Exhibit 11 provides such a comparison. It shows that, across the entire experiment, Naïve-Space comes closest to the near-optimal table mixes in allocating space, since the customers lost is the closest match. Naïve-SpaceDuration allocates more space to larger parties than is ideal, since fewer customers are lost from larger parties, but this comes at the expense of a higher loss of customers from smaller parties. Naïve-SpaceDurationValue allocates far too much capacity to large parties, which results in a large loss of customers from smaller parties. Interestingly, Naïve-ValuePerSpaceDuration allocates too much capacity to the parties of one and two but consequently underserves all other party sizes. Like any study, this one has limitations. The study's eight assumptions map well onto real restaurant situations, but because these simulations used a large number of experimental factors, most of which had only two factor levels, I urge caution in blindly applying the findings. For restaurateurs, the safest course of action would be to conduct an experimental study based on their specific restaurant setting. In applying a critical eye to the study, with insight gained from its findings, my largest concern relates to party size distributions. This simulation used just two levels, but there are an infinite number of party size distributions. As a research extension, then, I suggest repeating the experiment, locking in a level for any factors to which performance was insensitive and expanding the range of levels for those factors to which the performance of the naïve methods were sensitive. It goes without saying that regardless of whether a naïve method or a sophisticated simulation model is used, accurate data are a necessity. As I pointed out above, Naïve-Space, the most accurate of the four naïve methods tested, requires the least data: only party size probabilities, table space requirements, and the space available in the restaurant. It is important to note that the party size probabilities should be based on unconstrained demand, rather than constrained demand. Constrained demand-what is recorded in the restaurant's point of sale system-is affected by the restaurant's existing mix of tables, and so it can be distorted and consequently should not be used on its own. By contrast, unconstrained demand is the true mix of party sizes for a restaurant (see Orkin 1998) . The best way to collect this information is recording information on the customers that were lost and then integrate those numbers with data on customers served.
Conclusions
Overall, the performance of the naïve methods must be judged as quite good, given that they are all simple, backof-the-envelope-type calculations. They can all be performed by hand, or using a simple spreadsheet model. This study has shown that the easily calculated the Naïve-Space model works quite well on balance, even though there were simulation cases where the method performed poorly. While the simulated annealing-based "near-optimal" procedure is superior to the naïve methods, using it may not be practical for restaurants with limited resources. Certainly the limiting factor is not the computer time required-it required less than one minute, on average, for each restaurant context to simulate the four naïve table mixes and run the near-optimal heuristic.
The information on customers lost by party size, which is reported here for the first time, may offer insight regarding potential modifications that would improve the naïve methods' performance. Other potentially fruitful areas for future research would consider the effect of rounding rules within the naïve methods and evaluating the use of the best of the four naïve table mixes as a starting point for a SimAnnealSearch-type heuristic, rather than always starting with the Naïve-Space table mix, as I have done here and before (Kimes and Thompson 2005) .
A by-product of this simulation experiment was information about how certain design-and operational-related decisions affect revenue. From an operational perspective, these results suggest that a significant revenue benefit can be derived from tighter right-sizing. That is, restaurateurs should maintain a policy of seating parties in tables that fit the party size and are not substantially larger. Fortunately, at least one study has shown that customers view such seating policies favorably (McGuire and Kimes 2006) . I also note that the simulations do not necessarily account for customer reactions to a particular policy. For instance, the results showed that using the largest-party table-assignment rule yields higher revenue than applying the longest-waiting-party table assignment rule, but customers may view this approach negatively, as being unfair. Finally, I observed an important benefit of having tables with both odd and even numbers of seats in the mix, compared to tables with just even-numbered seats. This demonstrates the wisdom of having a variety of table types.
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